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Abstract 
Appropriate formation of product families for Reconfigurable Manufacturing Systems (RMS) is of a great importance for a cost-effective and 
productive manufacturing. One key aspect that differentiates assembly systems from other manufacturing systems is that they often require 
parallel operations, which is not common for other types of manufacturing systems such as dedicated manufacturing systems. This paper 
introduces the first product family formation method that particularly addresses Reconfigurable Assembly Systems (RAS). Product assembly 
sequences are used, along with product demand and commonality, as similarity coefficients. Product assembly sequences are represented in the 
form of binary rooted trees and, based on well-established tree matching techniques used in Biology and Phylogenetics, a new sequence-based 
similarity coefficient is introduced to measure the distance between any given pair of assembly sequence trees. Hierarchical clustering is then 
applied to generate various groups of product families that may be formed based on each similarity coefficient. A novel consensus tree-based 
method is applied to find the best aggregation for the three different hierarchical clustering trees. The proposed method is applied to an example 
of eight products. Applying the proposed method to a Reconfigurable Assembly System should significantly improve system efficiency and 
productivity and hence supporting cost effective production.  
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1. Introduction 
Reconfigurable Manufacturing Systems (RMS) is a modern 
manufacturing system paradigm [1, 2] that was designed to 
increase responsiveness, sustainability and cost-effectiveness. 
Reconfigurable Manufacturing Systems (RMS) [3] are 
designed at the outset for rapid change in structure, as well as 
in hardware and software components, in order to quickly 
adjust production capacity and functionality within a part 
family in response to sudden changes in market or regulatory 
requirements. In RMS, similar products are grouped together 
into groups or families of products in which a customized 
system configuration is designed for each product family. 
Similarity in terms of common components is one example for 
a similarity criterion that is used to form families of products. 
The foundation for the success for RMS lies in recognizing 
appropriate sets of product families [4]. The effectiveness of 
RMS is best realized by formation of product families that 
maximizes system utilization and productivity. Methods have 
been recently developed for grouping products into families 
for RMS [5-8] considering commonality, modularity, 
operations sequence and other similarity coefficients as 
grouping criteria.  
Existing product family formation methods would not be 
suitable to Reconfigurable Assembly Systems (RAS), 
particularly when operation-sequence (assembly sequence) is 
to be considered as a similarity coefficient. Assembly 
sequence is often non-linear which means that parallel 
operation could take place at the same time (non-linear 
assembly). Hence, using existing operation-based similarity 
coefficient that considers the operation sequence of a given 
product as a strict order of serial operations is no longer valid.  
The assembly sequence tree, also known as partial 
assembly tree is proposed as a representation of products 
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assembly sequence as illustrated in Figure 1 for a product 
consisting of five components. Components 1 and 3 may be 
assembled before, after, or at the same time as components 2 
and 4. Component 5 is then added to sub-assembly (1, 3, 2, 4) 
to obtain the final product (1, 3, 2, 4, 5). 
(1, 3, 2, 4, 5)
    (1, 3, 2, 4)
sub-assembly (node)
 (1, 3)     (2, 4)
component (leaf)
1 3 2 4 5  
Fig. 1. An assembly sequence tree for a product of five components [9]. 
A new product family formation method is proposed for 
Reconfigurable Assembly Systems (RAS) in which a novel 
assembly-sequence based similarity coefficient is introduced 
based on Robinson-Foulds distance [10], a commonly used 
tree matching measure in Biology and Phylogenetics. Average 
linkage hierarchical clustering [11] is used to construct three 
different hierarchical clustering product trees based on the 
proposed assembly sequence  similarity coefficient as well as 
product commonality and demand. A consensus tree is then 
constructed for the three trees using a consensus tree 
construction method recently developed by the authors for 
master assembly sequencing [9]. This method is also inspired 
by Phylogenetics where a consensus classification tree for a 
group of species is derived from a set of conflicting trees. 
2. Literature Review 
Group Technology (GT) is a manufacturing philosophy in 
which similar parts are identified and grouped together into 
groups or families to take advantage of their similarities in 
design and production. GT is the conceptual foundation for 
Cellular Manufacturing. Methods particularly addressing 
product family formation for RMS have arisen from part 
family formation methods used in Cellular Manufacturing 
(e.g. Classification and Coding Systems [12] and Production 
Flow Anlysis (PFA) [13]).  
Abdi and Labib [14] proposed an algorithm for grouping 
products for RMS based on their operational similarities using 
Jaccard similarity coefficient [15], a commonly used 
similarity coefficient for part-cell formation in Cellular 
Manufacturing. Galan et al. [5] based their method on five 
similarity coefficients; modularity, commonality, 
compatibility, reusability and demand. Analytic Hierarchy 
Process (AHP) is used as a weighing method to aggregate the 
five similarity coefficients in one single coefficient. Average 
linkage hierarchical clustering [11] is then used to cluster the 
products into a binary rooted tree, known as dendrogram. 
Goyal et al. [6] proposed a similarity coefficient based on 
operations sequence and employed it, solely, to cluster 
products using average linkage hierarchical clustering. 
Considering alternative process plans, Rakesh et al. [4] 
proposed a modified average linkage clustering algorithm 
based on Jaccard similarity coefficient.  
A Reconfigurable Assembly System (RAS) is basically a 
Reconfigurable Manufacturing System (RMS) for assembly 
processes [16]. For Reconfigurable Assembly Systems (RAS), 
only Eguia et al. [8] proposed a product family formation 
method for Reconfigurable Disassembly Systems (RDS), 
which resembles RAS. Eguia et al. applied average linkage 
clustering using a similarity coefficient which requires the 
following information: a) types and quantities of the products 
to disassemble within a certain time horizon, b) existing RMT 
and available modules library, c) operations and processing 
times required to disassemble each product type, and d) 
machines and modules required for each disassembly task.  
Thus, among the mentioned product family formation 
methods for RMS or RDS, only Goyal et al. [6] has 
considered operation sequence as a clustering criterion. 
However, this similarity coefficient, as well as other operation 
sequence-based similarity coefficients used in Cellular 
Manufacturing [17-19], are not suitable for RAS as they all 
deal with serial order of operations not non-linear assembly 
sequences. 
3. Proposed Product Family Formation Method for RAS 
This section describes the proposed method for product 
family formation for Reconfigurable Assembly Systems 
(RAS). Figure 2 shows an IDEF0 model of the proposed 
method illustrating the main activities as well as their inputs, 
outputs, controls and mechanisms. IDEF0 is a compound 
acronym for a function modeling methodology [20].  
 
1
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3
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4
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hierarchical
clustering GA-based
consensus tree
construction
method
Final Hierarchical
Clustering Tree
Product-
component
incidence
matrix
Products
demands
 
Fig. 2. IDEF0 model for the proposed product family formation method.  
3.1. Proposed similarity coefficient based on assembly 
sequence 
The assembly sequence of a given product could be 
represented in a binary rooted tree form as shown in Figure 1. 
The Robinson-Foulds (RF) distance [10] is the most widely 
used metric for comparing phylogenetic trees [21], hence, it is 
used to assess the similarity/dissimilarity between any given 
pair of assembly trees.  
Given two trees T1 and T2, having m1 and m2 number of 
leaves, C1 is a set that includes m1-1 subsets each 
representing one of the m1-1 nodes of T1 and the elements 
inside each subset are the elements belonging to the node 
representing the subset. Similarly, C2 contains m2-1 subsets 
representing the m2-1 nodes of T2. Robinson-Foulds distance 
(RF) is then given by Equation 1, where “Δ” refers to 
symmetric difference (a set theory operation). Equation 1 
could be further detailed as in Equation 2, where “\” refers to 
set difference operation. Hence, RF is simply a normalized 
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count of the nodes (i.e. group of leaves) that exist in one tree, 
but not the other. 
 
RF (T1, T2) = ½ |C1 Δ C2|   (1) 
RF (T1, T2) = ½ (|C1 \ C2| + |C2 \ C1|) (2) 
 
For instance, the two trees T1 and T2 shown in Figure 3 
each has five leaves and four nodes. For T1, C1 = {{1, 3, 2, 4, 
5}, {1, 3, 2, 4}, {1, 3}, {2, 4}} and for T2, C2 = {{1, 2, 3, 4, 
5}, {1, 2, 3, 4}, {1, 2}, {3, 4}}. The order of sets within C1 
and C2 or order of elements within any of their subsets is not 
important. By substituting in Equation 2, we get RF(T1, T2) = 
½ (3 + 3) = 3. 
 
  T1   T2
2 3 4 51 3 2 4 6 1
 
Fig. 3. Two trees T1 and T2 with RF(T1, T2) = 3. 
Higher RF value means higher trees dissimilarity; in order 
to convert any RF dissimilarity value obtained from 
comparing any given pair of trees into a similarity value 
(RFs), Equation 3 is used, where RFmax is the highest possible 
RF value that could be obtained from comparing that pair of 
trees. RFmax for two given trees of m1 and m2 number of 
leaves is given by Equation 4. 
 
RFs= RFmax  -  RF (3) 
RFmax = ½ (m1 + m2 - 2) (4) 
 
It is better to have RFs normalized over the range from 0 to 
1 to be consistent with other similarity coefficients to be 
utilized by the proposed product family formation method. 
This could be realized by dividing any given RFs by RFmax. 
Thus, the normalized assembly sequence similarity coefficient 
is finally given by Equation 5. 
 
max
max
RF
RFRFRFsn
 ,   0 ≤  RFsn ≤ 1 (5) 
3.2. Similarity coefficient based on product commonality 
A commonality coefficient measures the level by which 
components are shared among a group of products. Maximum 
or 100% commonality takes place for a given group of 
products when they are sharing the same exact set of 
components; while, minimum or zero commonality occurs 
when no components are shared. Jaccard’s similarity 
coefficient [15], originally introduced for part-cell formation 
based on operations similarity in cellular manufacturing, is 
employed in the proposed method for assessing components 
commonality between any given group of products, using 
their product-component incidence matrix.  
Table 1 shows an example for a product-component 
incidence matrix for a group of four products and five 
components. Jaccard’s similarity coefficient Jij between any 
pair of products i and j is given by Equation 6, where a is the 
number of shared components between i and j, b is the 
number of components that are in i but not j, and c is the 
number of components that are in j but not i. Consider the two 
products A, and B in Table 1, where A has components 1, 4, 5 
and B has components 2, 3, 4, 5, then Jaccard’s similarity 
between A and B is given by 1 / (1+2+2) = 0.2.  
 
Table 1. An example of a product-component incidence matrix 
Product 
Component 
1 2 3 4 5 
A 1 0 0 1 1 
B 0 1 1 1 0 
C 1 1 0 1 1 
D 1 1 1 0 0 
 
cba
aJij  ,   0 ≤  Jij ≤ 1 (6) 
3.3. Similarity coefficient based on product demand 
Products that have low relative demand within a given 
product family, will result in a significant under-utilization of 
system components that are only used by those products. 
Assembly stations of a balanced system configuration should 
have comparable workloads allowing for better utilization of 
the system components and consequently leading to cost 
effective production. The product demand similarity 
coefficient developed by Galan et al. [5] is employed in the 
proposed product family formation method to account for 
such a similarity aspect. Accordingly, demand similarity Dij 
between any given pair of products i and j is given by 
Equation 7, where di is the demand of product i, dj is the 
demand of product j, dmax and dmin are the maximum and 
minimum demands throughout the entire products to be 
considered for grouping.  
 
minmax
||
1
dd
dd
D jiij 
 ,   0 ≤  Dij ≤ 1 (7) 
 
Consider the four products A, B, C and D with demands 10, 
15, 20 and 25 respectively, then the demand similarity 
between products A and B for instance is given by 1 - |10 – 15| 
/ (25 – 10) = 0.66.  
3.4. Hierarchical clustering 
An agglomerative (bottom-up) hierarchical clustering 
algorithm, using an average-linkage method  [11], is applied 
to build the corresponding binary hierarchical clustering tree, 
also known as dendrogram. The input required by a 
hierarchical clustering algorithm is a similarity matrix 
representing similarity between each pair of products. Table 2 
shows the similarity matrix (symmetric matrix) obtained 
based on product commonality for the four products given in 
Table 1, using Equation 6 on every pair of products. The steps 
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of a typical agglomerative hierarchical clustering algorithm 
are as follows: 
 
1. Start with N product families, each representing a single 
product.  
2. Search the similarity matrix for the closest pair of product 
families (i.e., the two families with the highest similarity 
coefficient). Denote those most similar families as U and V. 
3. Merge U and V into a new family W. Update the similarity 
matrix by deleting the rows and columns corresponding to 
U and V, and adding a row and column representing the 
similarity between W and all other remaining families. 
4. Repeat steps (2) and (3) a total of N-1 times. 
 
Table 2. Product similarity matrix based on commonality. 
Product A B C D 
A - 0.20 0.75 0.20 
B  - 0.40 0.50 
C   - 0.40 
D    - 
 
qP
pi qj ij
pq NN
S
S
¦ ¦  ,   0 ≤  Dij ≤ 1 (8) 
 
For average linkage clustering, the similarity Spq between 
any given pair of families p and q is re-calculated according to 
Equation 8, where i and j are products in families p and q, 
respectively, Sij is the similarity coefficient between product i 
and j, Np and Nq are the number of products in families p and 
q, respectively. This simply means that similarity between any 
given pair of product families is the average similarity 
between their corresponding products. 
 
 
Fig. 4. Obtained dendrogram based on the similarity matrix in Table 2. 
 
The hierarchical clustering tree (dendrogram) obtained 
based on the commonality similarity matrix given Table 2 is 
shown in Figure 4. According to this tree, at 75% similarity, 
the four products are clustered into three families: {A, C}, 
{B} and {D}; while at 50% similarity they are clustered into 
two families: {A, C}, {B, D}. 
3.5. Consensus hierarchical clustering tree  
In hierarchical clustering-based methods, when more than 
one similarity coefficient is incorporated, a weighting method 
is applied in order to build a single similarity matrix before 
clustering (e.g. Analytic Hierarchy Process (AHP) used by 
Galan et al. [5]). A novel approach is proposed to consider 
different similarity coefficients instead of using subjective 
weighting methods. A separate hierarchical clustering tree is 
constructed for each similarity matrix. Then, a new 
hierarchical clustering tree is built to represent the three trees. 
The new tree is a consensus tree that best match all other 
trees. Kashkoush and ELMaraghy  [9] have recently 
developed a GA-based method for constructing the consensus 
tree for any given set of assembly sequence trees and used it 
in a retrieval-based method for assembly sequence planning.  
 
 
(a) Based on assembly sequence 
 
(b) Based on commonality 
 
(c) Based on demand 
Fig. 5. An example of three hierarchical clustering trees. 
The consensus tree for the three individual trees shown in 
Figure 5 is obtained in Figure 6 using the GA-based method 
developed by Kashkoush and ElMaraghy [9]. The obtained 
consensus tree structure is the same as the first individual tree 
(Figure 5 (a)); it is certainly not necessary for the consensus 
tree to be one of the given trees, but it is more likely to 
happen for cases with small number of products.  
 
 
Fig. 6. The consensus hierarchical clustering tree. 
 
The used method for constructing the consensus tree does 
not provide the similarity between various families of the 
obtained consensus tree. A family could be one single product 
or a group of products that belongs to the same node of the 
tree. The similarity values for the obtained consensus tree are 
therefore separately calculated and the tree is adjusted 
accordingly (i.e. adjusting the highest of each branch on the 
tree). No preference or importance is given to any of the three 
trees; hence, the similarity value between any pair of clusters 
on the consensus tree should be the normalized sum of the 
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three similarity values. Equation 8 is used to calculate the 
similarity between {A} and {B}, between {A, B} and {C} 
and between {A, B, C} and {D}. The value of Sij in Equation 
8 for similarity between any two products i and j is now the 
normalized sum of their three similarity values.  Figure 6 
shows the final consensus hierarchical clustering tree for the 
three trees in Figure 5 after calculating new similarity values. 
 
 
Fig. 7. The tree obtained with weighing similarities. 
Figure 7 shows the tree obtained by building an equally 
weighted single similarity matrix and then building its 
clustering tree. This tree proposes having A and C as one 
cluster, and hence it should be clear that both methods do not 
lead to the same results. The proposed consensus-based 
method is mainly concerned with the tree structure that the 
majority of trees have in common. The advantage of this 
method is that it does not rely on subjective weights.  
4. Illustrative Example 
Consider an example of 8 products (A to H) involving a 
total of 16 different components (1 to 16). These products 
could be different types and models of engine blocks, pumps, 
motors, etc. The product-component incidence matrix is given 
in Table 3, demand for each product is given in Table 4 and 
the assembly sequence trees are shown in Figure 8.  
Table 3. Product-component incidence matrix for the illustrative example 
Product 
Component 
1 2 3 4 5 6 7 8 9 10
 
11
 
12
 
13
 
14
 
15
 
16
 
A 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 
B 1 1 1 1 1 1 0 1 1 0 1 0 1 0 0 1 
C 1 1 1 1 1 0 1 1 1 0 1 1 0 1 0 0 
D 1 1 1 1 1 1 0 1 1 1 1 0 0 0 1 0 
E 1 1 1 1 1 0 1 1 1 0 1 0 1 0 0 1 
F 1 1 1 1 1 0 1 1 1 0 1 0 0 1 1 0 
G 1 1 1 1 1 0 0 1 1 1 1 1 1 0 0 0 
H 1 1 1 1 1 0 1 1 1 0 1 0 0 1 0 1 
 
Three symmetric pairwise product similarity matrices are 
constructed. The similarity matrix in Table 5 is constructed 
using the proposed similarity coefficient based on assembly 
sequence (Equation 5). The similarity matrix in Table 6 is 
constructed using Jaccard’s commonality coefficient 
(Equation 6). The similarity matrix in Table 7 is constructed 
using Galan’s et al. demand coefficient (Equation 7). Using 
average linkage hierarchical clustering, three hierarchical 
clustering trees are constructed (Figure 9). The Linkage 
function of MATLAB® is used for implementing hierarchical 
clustering. 
Table 4. Product demand matrix for the illustrative example 
Product A B C D E F G H 
Demand 100 160 225 112 185 250 105 180 
 
  A   B   C   D
  E   F   G   H
11 14 8 92 3 16 4 5 79 13 10 11 12 114 7 11 8 1 2 3 4 5 82 3 4 5 9 158 9 7 11 13 1
15 9 10 11
1 2 3 16 4 5
2 3 4 5 6 89 12 14 7 11 18 9 11 13 1 2 3 4 5 82 3 16 4 5 67 8 9 10 11 11 2 3 4 5 6
 
Fig. 8. Assembly sequence trees for the illustrative example 
Table 5. Product similarity matrix based on assembly sequence 
Product A B C D E F G H 
A - 0.1 0.5 0.4 0.1 0.4 0.6 0.1 
B  - 0.1 0 0.7 0 0.1 0.6 
C   - 0.4 0.1 0.5 0.5 0.2 
D    - 0 0.5 0.4 0 
E     - 0 0.1 0.6 
F      - 0.4 0.1 
G       - 0.1 
H        - 
 
Table 6. Product similarity matrix based on commonality 
Product A B C D E F G H 
A - 0.69 0.69 0.83 0.69 0.69 0.69 0.69 
B  - 0.57 0.69 0.83 0.57 0.69 0.69 
C   - 0.57 0.69 0.84 0.69 0.83 
D    - 0.57 0.69 0.69 0.57 
E     - 0.69 0.69 0.83 
F      - 0.57 0.83 
G       - 0.57 
H        - 
 
Table 7. Product similarity matrix based on demand 
Product A B C D E F G H 
A - 0.6 0.17 0.92 0.43 0 0.97 0.47 
B  - 0.57 0.68 0.83 0.4 0.63 0.87 
C   - 0.25 0.73 0.83 0.2 0.7 
D    - 0.51 0.08 0.95 0.55 
E     - 0.57 0.47 0.97 
F      - 0.03 0.53 
G       - 0.5 
H        - 
 
Figure 10 shows the consensus hierarchical clustering tree 
constructed for the three trees [9]. Clusters supported by more 
than one tree are maintained in the consensus tree; such as {B, 
E} supported by first and second trees and {C, F} supported 
by second and third trees. The similarity value between any 
given pair of families on the obtained consensus tree is the 
normalized sum of their three similarity values. A calculated 
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similarity value may be inconsistent with other values leading 
to invalid hierarchical tree structure. In that case, the 
inconsistent value is modified to the nearest value that 
resolves such inconsistency. Finally, for the given 8 products 
considered in this example, if a 70% similarity level  is 
required for instance within each product family, then the 
following three families based on the final tree in Figure 10 
are formed: {A, G, D}, {C, F,} and {B, E, H}. 
 
 
(a) Based on assembly sequence 
 
(b) Based on commonality 
 
(c) Based on demand 
Fig. 9. The three hierarchical clustering trees for the illustrative example. 
 
Fig. 10. The final consensus hierarchical clustering tree for the10 products.  
 
5. Conclusion 
This is the first time by which a product family formation 
method is to be developed to particularly address 
Reconfigurable Assembly Systems (RAS). Assembly systems 
differ from other manufacturing systems in the fact that 
parallel operations are allowed. Product assembly sequence 
was used, along with product demand, and commonality, as 
similarity coefficients. Average linkage hierarchical 
clustering, along with techniques from Phylogenetics and 
Biology were utilized; Robinson-Foulds distance was used to 
define a novel assembly sequence based similarity coefficient 
and a consensus tree-based method was used to aggregate 
different clustering objectives instead of using subjective 
weighting methods. The proposed sequence-based similarity 
coefficient considers nonlinear assembly sequences in which 
parallel assembly operations are allowed; while, the proposed 
consensus tree-based approach avoids the use of weights for 
combining different similarity coefficients.  
Applying the proposed product family formation method to 
a Reconfigurable Assembly System should improve its 
utilization and productivity and hence supporting cost 
effective production. A quantitative assessment of the 
achievable benefits through the proposed method is currently 
being studied. 
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